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Purpose: To evaluate the performance of a computer-aided diagno-
sis (CAD) workstation in classifying cancer in a realistic
data set representative of a clinical diagnostic breast ultra-
sonography (US) practice.

Materials and
Methods:

The database consisted of consecutive diagnostic breast
US scans collected with informed consent with a protocol
approved by the institutional review board and compliant
with the HIPAA. Images from 508 patients with a total of
1046 distinct abnormalities were used. One hundred one
patients had breast cancer. Results both for patients in
whom the lesion abnormality was proved with either bi-
opsy or aspiration (n � 183) and for all patients irrespec-
tive of biopsy status (n � 508) are presented. The ability of
the CAD workstation to help differentiate malignancies
from benign lesions was evaluated with a leave-one-out-by-
case analysis. The clinical specificity of the radiologists for
this dataset was determined according to the biopsy rate
and outcome.

Results: In the task of differentiating cancer from all other le-
sions sent to biopsy, the CAD workstation obtained an
area under the receiver operating characteristic curve
(AUC) value of 0.88, with 100% sensitivity at 26% spec-
ificity (157 cancers and 362 lesions total). The radiolo-
gists’ specificity at 100% sensitivity for this set was zero.
When analyzing all lesions irrespective of biopsy status,
which is more representative of actual clinical practice,
the CAD scheme obtained an AUC of 0.90 and 100%
sensitivity at 30% specificity (157 cancers and 1046
lesions total). The radiologists’ specificity at 100% sen-
sitivity for this set was 77%.

Conclusion: Current levels of computer performance warrant a clinical
evaluation of the potential of US CAD to aid radiologists in
lesion work-up recommendations.
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To date, breast ultrasonography
(US) largely functions as a diag-
nostic—rather than a screen-

ing—method and is used to improve
specificity in the assessment of abnor-
malities seen at mammography or of
palpable masses found during clinical
breast examinations. Patients with a
suspicious abnormality seen at mam-
mography frequently undergo a subse-
quent breast US examination to avoid
unnecessary biopsies. We believe that
computerized analysis has the poten-
tial to help radiologists make correct
diagnoses. Previously, a computer-
aided diagnosis (CAD) scheme (1,2)
and a combined computer-aided de-
tection and diagnosis scheme were de-
veloped (3–7). Robustness of those
schemes was demonstrated across dif-
ferent users and institutions and with
scanner models of two manufacturers
(5). Moreover, a clinical CAD work-
station prototype was developed and
tested in daily clinical practice with
regard to workflow while blinding the
radiologists to the computer output in
order to not influence patient care (8).
The purpose of our study was to eval-
uate the performance of a CAD work-
station in the task of classifying cancer
in a realistic dataset representative of
a clinical diagnostic breast US prac-
tice.

Materials and Methods

Patients and Lesions
The database consisted of consecutive
diagnostic breast US scans collected un-
der protocols approved by the institu-
tional review board and in compliance
with the Health Insurance Portability
and Accountability Act. Informed con-
sent was obtained from 695 patients for
participation in this study. Of these pa-
tients, 187 had no US abnormality and
the remaining 508 patients had at least
one lesion, with a total of 1046 distinct
abnormalities on 2266 images (Fig 1).

When biopsy data were not avail-
able, imaging characteristics on US
scans, magnetic resonance (MR) im-
ages, and mammograms were used to
determine whether a lesion was benign
or malignant.

In our patient population, the rea-
sons why biopsies were not performed
after a diagnostic breast US examina-
tion included a benign US appearance of
lesion(s), a patient history of benign
breast disease combined with a stable
appearance of the lesion(s), and le-
sion(s) with questionable character at
US but with a benign appearance at sub-
sequent follow-up with breast MR imag-
ing. Conversely, patients with lesions
appearing to be benign at US were occa-
sionally referred to biopsy for various
reasons, including patient discomfort or
anxiety, patient age, a highly suspicious
appearance with another imaging mo-
dality (MR imaging), or a family history
of breast cancer. In this report, the
term lesion includes all findings ob-
served at US, including, for example,
cancers, benign solid lesions, cystic le-
sions, hematomas, surgical scars, and
lymph nodes. One hundred eighty-three
of the 508 patients (36%) with a US
abnormality were referred to biopsy,
and 362 lesions underwent biopsy. The

clinical positive predictive value for bi-
opsy was 43% (157 of 362 lesions).
There were 101 patients with breast
cancer and a total of 157 cancerous le-
sions (including 26 metastatic lymph
nodes), bringing the cancer prevalence
in this study population to 20% by pa-
tient (101 of 508 patients) and to 15%
by lesion (157 of 1046 lesions). The
most prevalent lesion type was cystic,
with most being small subcentimeter
cysts. Patients with lesions seen at US in
whom the disease was not confirmed
with biopsy were followed up for an av-
erage of 3 years (range, 2–4 years) to
minimize the risk of including missed
cancers as benign lesions in our analy-
sis. It is important to note that herein
the word “case” refers to a physical le-
sion, not a patient. An HDI5000 scanner
with an HDI L12-5 scan head (Philips
Medical Systems, Bothell, Wash) was
used for image acquisition.

CAD Lesion Characterization
The CAD methodology for breast US
images used in this work has been de-
scribed extensively elsewhere (1,2,5,6)
and will only be briefly summarized
here. All imaged lesions were outlined
by an experienced breast radiologist
(with more than 10 years of experience
and who was certified in accordance
with the Mammography Quality Stan-
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Advances in Knowledge

� In the task of differentiating can-
cer from all other lesions sent to
biopsy, the computer-aided diag-
nosis (CAD) workstation obtained
an area under the receiver oper-
ating characteristic curve (AUC)
value of 0.88, with 100% sensitiv-
ity at 26% specificity (157 cancers
and 362 lesions total).

� When analyzing all lesions irre-
spective of biopsy status, which is
more representative of actual clin-
ical practice, the CAD scheme
obtained an AUC of 0.90 and
100% sensitivity at 30% specific-
ity (157 cancers and 1046 lesions
total).

Implication for Patient Care

� Computerized lesion characteriza-
tion with breast US in a popula-
tion representative of clinical
practice is accurate and may aid
in the prospective diagnosis of
breast malignancy.
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dards Act). For each lesion, a seed point
was calculated as the center of mass of
its manually delineated outline that, in
combination with the image data,
formed the input to the computerized
analysis. The manual lesion outlining
was performed in several sessions for
another ongoing study and took about
25 hours (508 patients with 2409 im-
ages depicting at least one US lesion and
2966 corresponding outlines). It is im-
portant to note that, in this work, the
radiologist-drawn lesion outlines were
only used to determine the center
points for input to the computerized
analysis and that, hence, our analysis
did not depend on details of the manu-
ally drawn contours. The first step in
the analysis was a preprocessing stage,
which consisted of gray-scale inversion
and median filtering (filter size, 1.75
mm2). Each lesion was subsequently
segmented automatically (Fig 2) by us-
ing contour optimization based on the
average radial derivative (1). Four im-
age features, that is, mathematical le-
sion descriptors, were extracted for
each computer-determined lesion con-
tour: the depth-to-width ratio, radial
gradient index (9), posterior acoustic
signature, and autocorrelation texture
feature (2). Each physical lesion was
imaged in at least two views, and the
feature values were averaged over all
applicable views. These lesion-averaged
features formed the input to a Bayesian
neural network classifier with five hid-
den units that we used for the task of
cancer classification, with the Bayesian
neural network output being the com-
puter-estimated probability of malig-
nancy. Note that the size of the prepro-
cessing median filter was the only pa-
rameter that differed with respect to
values reported in previously published
work in which older scanner models
were used (2). It was adjusted empiri-
cally by using the image data of a ran-
dom subset of 200 patients.

CAD Lesion Characterization Performance
according to Benign Subtype
We used the computer-estimated prob-
abilities of malignancy obtained in the
round-robin-by-case analysis with all le-
sions and divided them into subgroups

to assess the degree of difficulty each
lesion type presented to the computer-
ized analysis in the distinction of these
different lesion types from cancer. Note
that in this instance, a single round-
robin analysis (by case) was performed
and that the estimated probability of
malignancy was calculated only once for
each lesion. Area under the receiver op-
erating characteristic (ROC) curve (AUC)
values for the task of differentiating can-
cer from benign lesion subtypes were
obtained by regrouping the classifier
output data.

Statistical Analysis
Classifier training and testing was per-
formed within a round-robin (leave-
one-case-out) protocol, and classifica-
tion performance was assessed by using
ROC analysis (10–12). The ROC curves
were calculated as parametric curves
modeling the data (12), that is, by mod-
eling the computer-estimated probabili-
ties of malignancy for cancerous and
noncancerous lesions. The figures of
merit used to assess the computerized
classification performance were the
AUC and selected operating points on
the ROC curve in terms of specificity
and sensitivity. For the human clinical
performance, only a single operating
point in terms of specificity and sensitiv-
ity could be calculated because numeric
estimated probabilities of malignancy
were not part of the patient reports

used herein. Sensitivity and specificity re-
ported for the computerized lesion charac-
terization were obtained from the mod-
eled ROC curves. Sensitivity and speci-
ficity for clinical lesion work-up were
obtained from the choices of clinical le-
sion work-up (biopsy vs follow-up) and
their outcome. Hence, percentages for
sensitivity and specificity are reported
as “numerator/denominator” only for
the human lesion assessment.

Two round-robin analyses were per-
formed: one in which all lesions were
included irrespective of biopsy status

Figure 1

Figure 1: Bar chart shows the spectrum of
lesions in the study. Other Benign includes all
benign breast abnormalities not included under
Cystic and Benign Solid, such as breast ab-
scesses and lymph nodes.

Figure 2

Figure 2: (a) US scan of a malignant breast lesion. (b) Same image with annotation. The solid line delin-
eates the lesion as defined by the radiologist, and the dashed line delineates the lesion as segmented by the
computer. X � the seed point derived from the radiologist outline as a starting point for computerized lesion
segmentation.
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and one in which only lesions of biopsy-
proved abnormalities were included.
The former analysis was also used to
assess the degree of difficulty each le-

sion type presented to the computerized
analysis in the task of differentiating
them from cancer. For this purpose, the
obtained probabilities of malignancy for
different lesion types were divided into
pathologic subgroups after completion
of the round-robin analysis but before
the performance of the ROC analysis.
The obtained AUC values served as an
indication of the level of difficulty differ-
ent lesion types posed to the computer-
ized analysis irrespective of human per-
ception of their classification difficulty.
The statistical significance of the per-
ceived differences in CAD performance
in terms of AUC value—for the task of
differentiating benign lesion subtypes
from breast cancers—was assessed by
calculating the P value and 95% confi-
dence interval for each difference in
AUC (13). A P value of less than � � .05
was considered to indicate a statistically
significant difference for a single test.
The sequential Bonferroni-Holm method
(14) was used to assess statistical signifi-
cance for multiple tests on the basis of
the same data at an � level of .05.

Results

CAD Lesion Characterization Performance
The computerized classification of le-
sions with biopsy-proved abnormalities

only (157 cancers and 362 lesions total)
obtained an AUC value of 0.88 (Fig 3).
One hundred percent sensitivity was
achieved at 26% specificity. Note that
because these cases all had gone to
biopsy, the specificity for this set for
the attending radiologists was zero at
100% sensitivity. When all lesions
were included in a round-robin analy-
sis (157 cancers and 1046 lesions to-
tal), the classification performance im-
proved slightly at an AUC value of
0.90, achieving 100% sensitivity at
30% specificity. The specificity of the
attending radiologists at 100% sensi-
tivity was 77% (1 � false positive frac-
tion � 1 � [362 � 157]/[1046 � 157])
for this set. With regard to the perfor-
mance of the CAD scheme, we failed
to find a statistically significant differ-
ence between the performance for le-
sions of biopsy-proved abnormalities
only and that for all lesions (P � .09;
95% confidence interval: �0.02, 0.06
for the difference in AUC [13]).

CAD Lesion Characterization Performance
according to Benign Subtype
We observed a wide range in AUC val-
ues for the distinction of different sub-
groups from cancerous lesions (Fig 4).
The cystic lesions presented the least
difficulty to the CAD scheme, with an
AUC value of 0.95, and the other be-
nign-type lesions were the most difficult
to analyze, with an AUC value of 0.80.
The latter group of abnormalities in-
cluded those with a wide range of imag-
ing characteristics, such as lymph
nodes, hematomas, scars, and ab-
scesses. The AUC value for the classifi-
cation performance for lesions in which
the pathologic condition was not proved
with biopsy was higher than that for
lesions in which the pathologic condi-
tion was proved with biopsy (0.91 vs
0.88) due to the large number of cystic
lesions in the former. Note that in these
AUC calculations, the cancers were the
same for each subgroup and, thus, the
subgroups were (partially) correlated.
By using the AUC values as indicators,
lesions of different benign subtypes
posed varying degrees of difficulty to
our CAD scheme in the differentiation
from cancer (Fig 4). Cystic lesions

Figure 3

Figure 3: Graph shows the classification per-
formance for the task of differentiating cancer from
all benign lesions. The ROC curves were obtained
from two separate round-robin (by-case) analy-
ses, one in which all lesions were included (inde-
pendent of biopsy status) and one that included
only those lesions in which the pathologic condi-
tion was proved with biopsy. The AUC values were
0.90 and 0.88, respectively. We failed to find a
statistically significant difference between these
two AUC values (95% confidence interval: �0.02,
0.06).

Figure 4

Figure 4: Chart demonstrates CAD performance measured in terms of AUC and its standard error for the
task of distinguishing cancer from the listed benign subtypes.
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proved to be more easily distinguishable
from cancers than solid lesions (Fig 5).
It is worth noting that some P values
(.0436 vs .0478) would have indicated
statistical significance if the hypothesis
was stated differently, that is, outside of
a multiple comparison setting (14).

Discussion

In work using images acquired with an
older scanner type (Philips ATL 3000),
an AUC value of 0.87 was obtained in
the classification of automatically seg-
mented lesions of biopsy-proved abnor-
malities (2). Our results indicate that
computerized diagnosis methods can be
recalibrated as the image acquisition
systems improve. The main difference
in the CAD scheme with respect to
other work was in the image prepro-
cessing stage. Here, the size of the me-
dian filter was adjusted to a value
smaller than that used in previously
published work (2) because of the im-
proved image quality of the newer-gen-
eration US scanner used here. Others
(15) obtained an AUC of 0.95 in a cross-
validation scheme for the task of cancer
classification on images obtained with
an ATL 3000 scanner. It is important to
note, however, that the lesion segmen-
tation in that work was based on selec-
tion by the user of a rectangular region
of interest only slightly larger than the
imaged lesion, which is known to result
in a higher classification performance
(2) than for automatically segmented le-
sions based only on a user-identified
seed point (1), as used in this work.

The computer performance was
largely unaffected by the inclusion of large

numbers of lesions that did not undergo
biopsy in the analysis, achieving overall
good lesion characterization performance
at an AUC value of 0.90. Although the
performance of the computerized lesion
characterization for the lesions with biop-
sy-proved abnormalities outperformed
that of the radiologists in terms of speci-
ficity at 100% sensitivity (26% vs 0%),
the radiologists outperformed the com-
puter analysis when the additional nonbi-
opsied lesions were included. In that in-
stance, the specificity at 100% sensitivity
was 30% for the computer analysis and
77% for the radiologists, respectively.
When actually deciding whether to rec-
ommend a biopsy, radiologists were at a
great advantage over our current CAD
implementation because the radiologists
had access to all clinically available pa-
tient information (eg, previous mammo-
grams and patient history), whereas the
computer analysis was purely based on
the appearance of the lesions at the cur-
rent US examination. Our analysis also
included a fairly large number of “other”
lesions—lesions other than typical cys-
tic, benign solid, and malignant ones—
such as lymph nodes. Although our
CAD system was initially not specifically
designed to analyze these types of find-
ings, it was retrained (in the round-
robin analyses) to characterize the wide
range of lesion types seen in clinical
practice. The heterogeneous nature of
the lesion population likely complicated
the computer analysis, as illustrated in
part by the lower classification perfor-
mance for “other” lesions, although we
failed to find the difference in perfor-
mance for solid lesions and “other” ones
statistically significant.

The inclusion of nonbiopsied le-
sions in the analysis presented herein
was important to more fully assess po-
tential CAD performance in clinical
practice. However, the consequence
was that the “truth” was based on ra-
diologists’ opinion regarding the prob-
ability of malignancy rather than dis-
ease for many lesions. Even though
patients were followed up for an aver-
age of 3 years after the US examina-
tion, false-negative lesions—that is,
cancers misdiagnosed by the attending
radiologists—could not be entirely ex-
cluded. Another assumption in this
work (which is commonly made) was
the validity of normality hypotheses
underlying parametrized ROC analysis
(10–12). More extensive performance
analysis with bootstrapping (16,17) could
potentially yield additional insights.

In our study, the only interaction
between humans and the CAD scheme
was the determination of lesion seed
points on the basis of lesion outlines
drawn by a radiologist on full-film im-
ages. That is, the algorithm used as in-
put an image with a seed point per vis-
ible lesion, and the entire analysis, in-
cluding lesion segmentation, was
automatic. The stand-alone lesion
classification performance of a CAD
scheme does not necessarily predict
its influence on the performance of ra-
diologists when using the CAD scheme
in clinical practice. Moreover, the fail-
ure to find a statistically significant dif-
ference in CAD performance between
the classification of lesions of biopsy-
proved abnormalities only and the
classification of all lesions irrespective
of biopsy status does not necessarily

Figure 5

Figure 5: Chart demonstrates P values for the differences in AUC for distinguishing the listed benign subtypes from cancer. All* � both biopsy-proven lesions and
those without biopsy.
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imply equivalent performance from a
clinical perspective (18).

It should be noted that our study
was limited by not performing an a pri-
ori power analysis. This limitation does
not invalidate our results since we found
no evidence to imply a significant differ-
ence in ROC performance for biopsy-
proved versus all lesions. We believe
that the current levels of computer per-
formance for breast US are promising
and warrant further testing.
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